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Eye tracking technology allows for a relatively direct and continuous measurement of unconcealed visual 
attention. In the consumer goods market today, it is important for companies to make their brand or 
product stand out within a vast competitive array. Even though it is highly unlikely that a product would 
be purchased without having been noticed (unseen is unsold), it is important to investigate if products that 
garner high attention are in fact purchased in the marketplace, and if a correlation between the two metrics 
exists. Through the utilization of real consumers in an immersive consumer retail experience laboratory, an 
eye tracking study on seasoned breading mix was conducted to test the correlation between attention and 
sales data. Data captured from 37 study participants were used to create a regression model by utilizing 
the Fit Y by X function in the statistical program JMP Pro 12. Statistical analysis indicated that including 
attention metrics in the prediction model significantly improves the ability to predict average sales. 
Demographics such as gender, age, relationship status, education, employment, shopping habits were also 
investigated in order to understand the trends of individual participants to find ideal consumers. Overall, eye 
tracking is a viable option to foreshadow sales and attention performance within this category.
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When shopping for products within the prover-
bial zoo of a grocery store, packaging can help act 
as a spokesperson for a specific brand and serve as 
the initial moment of truth in a store [1]. Packaging 
as a whole is a crucial part to the consumer experi-
ence and can be very impactful on both satisfaction 
as well as usage frequency of a particular product 
[1]. This encompasses the epitome of the brand, and 
is effectively featured in nearly all forms of market-
ing [1]. Due to the fragmentation of mass media, 
fewer people are viewing TV ads, which is leading 
to more in-store decision-making, leading to a 
strong correlation for the importance of packaging 
now more than ever [1]. Although these ideas are 
seemingly a reality, the direct correlation of pack-
aging to in-store decision making, is fairly objec-
tive. With that being said, in order to fully persuade, 
these ideas need to be brought to life and quanti-
fied, and that is where eye tracking comes in [1]. To 
date, eye tracking is the only method to objectively 
measure and quantify human eye movements.
Eye tracking is becoming more widely used in 
disciplines such as neuro-marketing because it seeks 
to associate visual attention with the cognitive and 
emotional responses of consumers [2]. As a research 
tool, eye tracking is subtler than traditional methods 
as it requires little to no interaction between the 
researchers and their participants, leading to a 
potentially more reliable tool due to lack of inter-
ference with the consumer experience. Because 
eye tracking measures visibility and engagement, 
it is typically most relevant in situations where the 
marketer is buying “space” (such as a package on the 
shelf) and attempting to capture the time and atten-
tion of a viewer [1]. When shopping for a package 
on the shelf, the shopper is in control, such that they 
can spend as much or as little time as desired, start 
where they wish and control the viewing sequence, 
and “check out” at any time [1]. Different shoppers 
react differently to each situation, whereas some may 
focus all of their attention on a compelling visual 
and never notice the branding nor engage with the 
claims on the package.
Eye tracking can be easily applied to consumer 
insights’ research, as it has the ability to uncover 
unconscious consumer actions and product concerns 
that might otherwise go unnoticed. However, eye 
tracking in consumer behavior research has limited 
value when used in isolation because most studies 
aim to answer research questions that cannot be 
addressed solely with eye tracking, as the cog-
nitive response of the consumer is also valued 
[1]. Through the use of multiple methods such as 
surveys, interviews, model building, in combina-
tion with eye tracking, researchers can compile 
a better understanding of the consumer experi-
ence. Moreover, eye tracking is an effective tool 
to augment more conventional research methods 
[1]. The relationship between eye tracking findings 
and other findings is by no means one sided. Eye 
tracking not only can help improve the understand-
ing of researchers in regards to what participants 
do and say, but the opposite is true as well—other 
data are often needed to interpret and qualify eye 
tracking findings. In this research, the combination 
of eye tracking and regression analysis is explored 
to get a better understanding of the vast potential of 
eye tracking on a larger scale when combined with 
other mathematical techniques.
BACKGROUND
Eye tracking is a technology that can test package 
design appeal to see what grasps the attention of con-
sumers, however it does not provide an all-encom-
passing view of how the product may perform once 
it hits the shelf. For example, an eye tracking study 
statistically showed that a new design for granola 
bars performed better than the old design [1], but 
this did not shed light on how well the granola bars 
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will perform in the actual market. Interestingly in 
support of the results of various eye tracking studies, 
researchers have confirmed that increased visual 
attention will increase the likelihood of choice [3]. 
Furthermore, individuals increasingly focus on the 
option they prefer over the course of a decision [4], 
attend more to outcomes that are subjectively more 
important to them [5], and attend to more probable 
outcomes in risky decisions [6][7]. Manipulations of 
attention have also been shown to shift preferences, 
with objects that receive more attention being pre-
ferred [4] [8] [9]. Overall, there is ample evidence 
that attention plays a crucial role in the underlying 
process of preference construction.
Drift-diffusion models (DDMs) are often used 
to capture the relationship between attention and 
decision making. DDMs suggest that, in a decision 
between two or more options, information about 
each option is sampled according to a randomly 
distributed process [10]. An example of this work 
comes from a study conducted at the Max Planck 
Institute for Research on Collective Goods, to test if 
the frequency of a given rating being provided will 
guide attention to that rating, with higher frequency 
ratings garnering a greater proportion of allocated 
attention [10]. In this study, 27 participants were 
asked to observe 40 common consumer products (i.e. 
computer mouse, USB drive, umbrella) selected from 
the Amazon.de marketplace using screen based eye 
tracking (LC Technologies). Once calibrated to the 
system, each participant read instructions informing 
them that they would be presented with a series of 
products and the ratings each product had received 
on Amazon.de, and that their task was to assign a 
monetary value to each [10]. It was found that as the 
frequency of customers giving a low rating increases 
as does the proportion of attention directed at it. 
Another study tested the theory that increased 
attention does in fact drive choice, by testing how 
simple value-based binary choices are made and the 
role of visual fixations in the comparison of values 
[3]. Implementing DDM, researchers utilized quali-
tative and quantitative data to predict the relation-
ship between fixation patterns and choice using eye 
tracking technology [3]. In this study, participants 
were shown high-resolution pictures of two food 
items and asked to indicate their choice with the 
press of a button [3]. Results from this study indicate 
that a simple extension of the DDM in which fixa-
tions are involved in the value integration process 
could provide a solid quantitative account of various 
relationships between the fixation and choice data. 
While previous research has shown the ability to 
correlate attention to sales, it has only done so with 
screen based eye tracking, offering participants less 
of an immersive experience, which also adds a novel 
aspect to the work described herein. The current 
review of research in this area is also solely using 
participant ranking systems for value to complement 
and correlate to the eye tracking data. Participants 
are often asked to indicate feelings on product value, 
but this approach is flawed because it relies on par-
ticipants to describe their own cognitive processes 
leading to potential participant bias. The overwhelm-
ing amount of products on store shelves has turned 
shopping from a rational exercise into an emotional 
one [1]. Since shoppers do not typically have the time 
to actively compare all of their options, the experience 
is driven largely by what shoppers end up seeing in 
the aisle [1]. Because of this, shoppers may talk about 
their experiences differently than how they actually 
behaved in the store. For this reason, to bridge the lit-
erature gap, researchers herein believe that mobile 
eye tracking, as well as actual sales data, should be 
used to build a correlation analysis between attention 
and choice. The type of retail sales data used in this 
study differs from more traditional consumer insight 
resources because it reflects on actual purchase 
behavior [11]. Instead of measuring what people think 
or feel post hoc, this type of insight indicates what 
was purchased at a particular moment in a particular 
store under a particular set of market and competitive 
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conditions, allowing for “live” results leading to 
increased insights [11]. The goal of this study was 
to validate the claims that “increased visual atten-
tion will increase the likelihood of choice,” by using 
mobile eye tracking and syndicated sales data, which 
has not been done to date. 
MATERIALS AND METHODS
Location and Participants
The study took place in CUshop™, a consumer 
experience laboratory at Clemson University’s 
Sonoco Institute of Packaging Design and Graphics 
(Figure 1). CUshop™ is a realistic shopping environ-
ment featuring three 12-foot shopping aisles, a frozen 
food section, produce area, and simulated open refrig-
eration. Since this research involves human subjects, 
this study was approved by the Institutional Review 
Board (IRB). All participants were required to 
complete and sign an approved IRB consent form to 
ensure the confidentiality of each participant. 37 con-
senting participants, (68% female, 32% male) took 
part in the study. Participants were enlisted through 
a mailing list of consumers residing in the upstate 
of South Carolina, positioned between Atlanta, GA 
and Charlotte, NC. Participants ranged in age from 
22 to 65 with approximately 56% being between 
22-39 years of age. The income range distribution of 
the participants was diverse, ranging from less than 
$20,000 to over $200,000 annually. All participants 
were incentivized for their participation. 
Stimuli
Eleven brands from the breadcrumbs and seasoned 
coating categories were tested in this study. Along with 
varying brands, 42 stock keeping units (SKUs) were 
tested to determine consumer interest within the com-
petitive array in this section of grocery. Ten SKUs that fit 
with the sales data were used in analysis. A total of five 
shelves made up this planogram, which was modeled 
after Walmart Neighborhood Market and Ingles, two 
grocery stores located in Clemson, SC. A non-disclo-
sure agreement (NDA) with the client prohibits the 
specific brand names of the products to be released.
Apparatus
The participant’s eye movements were tracked 
using TobiiTM Pro Glasses 2 eye tracking glasses 
(Figure 2). These glasses are equipped with two 
cameras for each eye that use Tobii’sTM 3D eye model 
[13]. These unique eye tracking glasses are ultra-
lightweight with a user-centric design that encour-
ages natural viewing patterns [13]. They operate at a 
sampling rate of 50 Hz and are compatible with all eye 
types to provide persistent calibration and minimal data 
loss during projects that allow a researcher to track a 
wide cross-section of the population to ensure superior 
data quality [13]. A Tobii™ head unit captures what 
the participant sees, as well as the sound, and saves 
gaze data onto an SD card for data input and analysis. 
The controller software allows for researchers to take 
this technology out into the field, and offers a live-view 
component allowing the researcher to see exactly what 
the person is looking at in real time [13].
Fig 1: CUshop™ consumer experience laboratory
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Experimental Design and Procedure
The experiment was designed as an easily 
repeatable shopping task. Participants were provided 
a shopping list with several categories of items, 
including chocolate chip cookies, olive oil, seasoned 
breading mix, and dish soap and were subsequently 
instructed to enter the store as they would during 
a normal shopping trip. However, in this instance, 
they were asked to write down their selection for 
each item on the list. The study was carried out 
over one day due to it being a baseline study of a 
known planogram. The products within the category 
of interest, seasoned breading mix, placed on a 4ft 
x6ft shelving unit filled with competitive products 
modeled after local grocery stores that sell this 
category. The analysis compared the SKUs within 
the baseline competitive array using the Total 
Fixation Duration (TFD) metric or attention metric 
as the key metric used in the regression analysis. 
Prior to the study, each participant was given an 
“ID code” to ensure confidentiality and informed to 
shop for items indicated on a shopping list. Once a 
participant had provided informed consent, the eye 
tracking glasses were mounted and the participant 
was calibrated to the device by looking at a circle 
printed by the manufacturer in a simple one step 
process. Following the one-point calibration, partic-
ipants were handed a shopping list with the stimuli 
and other decoy items listed on it and asked to shop 
for the items on the list. After selecting a product for 
each item on the shopping list and exiting the shop, 
participants were guided to a debriefing area where 
they completed a short post-experiment questionnaire 
that collected qualitative information regarding the 
packages they saw and demographic information. 
 Eye Tracking Metrics and Sales Data
Areas of Interest (AOI’s) were designated for 
seasoned breading SKUs and used to determine 
three measurements metrics of eye movement: 
Time to First Fixation (TTFF), Total Fixation 
Duration (TFD), and Fixation Count (FC) (Figure 
3). These AOIs framed each individual SKU. TFD 
was primarily used in this regression analysis, but 
all metrics are described as they were also collected 
and analyzed in this study. The time in seconds 
from when a product first enters a participant’s field 
of view until they fixate on it is defined as the TTFF. 
The lower the number, the better the package per-
formed in this instance. TTFF starts when the eye 
hits the defined Area of Analysis (AOA), so run 
order was not an issue. TFD, is the time, in seconds, 
spent on average by participants fixating on this 
item. The higher the number, the better the package 
performed. This metric measures the sum of the 
duration of all fixations within an Area of Interest 
(AOI). FC is the total number of times a partici-
pant’s scan of the planogram crossed into a particu-
lar area of interest. The Tobii I-VT Attention filter 
was used to export metrics for analysis due to the 
fact that it makes more “true fixations.” Using this 
filter is the default setting and preferred for mobile 
eye tracking studies because when using raw data 
each dot is a fixation, and that is not true because 
most if not all fixations are longer than 20 ms. 
Sales data was obtained from a sponsor company, 
where it’s corresponding brand and ownership are 
not disclosed. Though it is common practice to run 
consumer surveys to complement an eye tracking 
study, retail sales data provides insights not available 
through more traditional market research methods. 
Consumer packaged goods companies (CPGs) use 
survey research to gather valuable data, especially 
Fig 2: TobiiTM Pro Glasses 2 used to capture 
gaze data [13].
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by segmenting buyers into different groups based on 
behavior, investigating specific product feature pref-
erences, and testing to their responses to different 
elements of the packaging (i.e. graphics, font, place-
ment) [12]. However, this type of retail sales data 
is different from more traditional consumer insight 
resources because it reflects on actual purchase 
behavior instead of measuring what people think or 
feel post hoc. Thus, this type of insight is powerful 
as it indicates what was purchased at a particular 
moment in a particular store under a particular set of 
market and competitive conditions [12].
Data Analysis
Tobii Pro Lab was used to collect raw eye 
tracking data and run descriptive statistical analysis. 
This software is powerful, versatile, and compre-
hensive system that is used to support the entire 
research workflow for eye trackers from Tobii Pro. 
After all the participants completed an eye tracking 
study, the data was ready to be analyzed (it is good 
practice to import video after each five participants 
to make sure all data is intact). The SD card in the 
Tobii head unit was inserted directly in the computer 
with the installed Tobii Pro Lab software. After the 
recordings have been uploaded, the coding process 
began. Coding in this sense, refers to “mapping” gaze 
data from recordings on a still image to gather insight 
on how participants reacted in the planogram indi-
vidually or in aggregate. In order to code efficiently 
and precisely, a high resolution image of the seasoned 
beading planogram was uploaded into the software 
through a snapshots tab. The high resolution image 
was then placed next to a video recording of a partici-
pant (Figure 4). Please note that this process has to be 
done for every participant in the study. 
The coding began by spanning the yellow bar 
the length of the video that want to map onto the 
image (refer to Figure 4). For example, if you only 
want to code 30 seconds of the participant looking 
at the planogram, the video can be watched, scrolled 
to the time they looked at that section, and then have 
the yellow bar span that section. For this purpose, 
“run automatic mapping” was chosen to code the 
data points of attention onto the image to generate 
heat maps and actionable metrics for analysis. This 
process typically takes from one to five minutes 
depending on the length of the video. 
Fig 3: Eye tracking metrics visual
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Fig 4. Coding process using a high resolution image of the defined planogram
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Once the 37 participants were coded, areas of 
interest (AOIs) or user-defined sub regions of a dis-
played stimulus were plotted. AOIs can simply be 
drawn using the drawing tools within the AOI editor 
tab. For this particular planogram, AOIs were drawn 
around the SKUs within the planogram. Following 
building these AOIs, the data was exported via the 
metrics tab within the software. Three metrics are 
typically downloaded for eye tracking studies: TTFF, 
TFD, and FC, with the metric of importance for 
this regression analysis being the TFD metric. This 
metric quantifies the amount of time that respon-
dents have spent on an AOI. Since respondents have 
to blend out other stimuli in the visual periphery 
that could be equally interesting, time spent often 
indexes motivation and conscious attention [2]. With 
that being said, long prevalence at a certain region 
clearly points to a high level of interest and shorter 
prevalence times indicate that other areas on screen 
or in environment might be more eye catching [2]. 
In order to run regression analysis compar-
ing attention (TFD) to retail sales data, the statis-
tical program JMP Pro 12 was used. A scatter plot 
using the graph builder function within the program 
was used to visualize the relationship between the 
two variables. Once the relationship was visual-
ized, the data was analyzed to describe the relation-
ships numerically. This numerical description of the 
relationship between variables is called a regres-
sion model which is able to predict the average 
value of one variable (Y) from the value of another 
variable (X) [14]. Utilizing the TFD metric for the 
SKUs within the seasoned breading mix category 
and the retail sales data averaged over four years 
(04/26/14-03/25/17), the Fix X by Y platform was 
used to create regression models. In order to create 
a regression model, the data for X must match the 
data for Y, such that the retail sales data had to 
match with each complementary SKU. Along with 
building a regression model with the aggregate 
TFD values over 37 participants for each SKU and 
the retail sales data, demographics such as gender, 
education, and income were analyzed to get a more 
complete picture of what type of demographic led 
to a positive or negative correlation for this grocery 
sector. This can help sales teams and research firms 
market their products to the applicable demographic 
based on this system.
Results and Discussion
A baseline eye tracking study was carried out 
in order to investigate to what extent the regression 
model outlined here was able to capture key patterns 
of the relationship between sales and attention (TFD). 
The eye tracking study a seasoned breading plano-
gram at baseline with ten SKUs of interest that could 
be matched directly to the Nielsen retail sales data. 
Using the Fit Y by X platform within JMP Pro 12, 
a regression model was created with two continu-
ous values (TFD and average sales) and one predictor 
value (TFD). This model was run in attempt to find 
a correlation between real life sales data and atten-
tion data captured for over 37 participants during an 
eye tracking study. Data was collected for each par-
ticipant for each SKU and averaged to get one TFD 
value for each SKU to directly test in accordance with 
the average sales for those same SKUS averaged over 
four years. Using the linear fit function within this 
software, a positive correlation was found between 
average sales and the TFD metric (Figure 5).
Investigating further into this regression model, 
it is critical to note the regression line, prediction 
equation (under the linear fit section), RSquare 
value, and p-value. For these results, the p-value was 
less than the significance level of 0.05 (p=0.0025). 
Since the p-value is less than the significance level, 
it can be concluded that including the TFD values 
in the prediction model significantly improves the 
ability to predict average sales. Since the RSquare 
value was large, which shows the strength of a rela-
tionship between variables (i.e. correlation) where 
1 indicates a perfect linear relationship, it was 
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confirmed that the prediction model based on the 
TFD can predict sales revenue [14]. This model can 
also be used to predict the average sales expected for 
this product category, which is dependent on how 
long consumers looked at the products. The pre-
diction equation for the model was included in this 
output: -155611.3+572756.82*TFD. For example, if 
the TFD value for a SKU is 1.75 seconds, plugging 
this value in for TFD would predict the average 
sales for this product category to be $846,713.135 
averaged over four years. 
Demographics such as gender, age, relationship 
status, education, employment, shopping habits were 
also investigated in order to understand the trends 
of individual participants when segmenting various 
demographics out and attempting to correlate that 
with sales. The demographics were collected before 
the eye tracking study through a pre-survey. The 
identities of the participants were not recorded, but 
instead each was given a unique ID code (1A, 2A, 
etc.) to use to be able to link the eye tracking data 
with their demographic profiles. Instead of taking 
the aggregate of the 37 participants for each SKU of 
interest, in this instance, the TFD values for SKU per 
each participant were recorded within the software. 
When segmenting different demographics and over-
laying that specific demographic within the graph 
builder function, different correlations were seen 
when comparing average sales and the TFD for each 
group. For example, income was used as an overlay 
to see how this group effects the trend (Figure 6). 
The income overlaid results indicated a strong 
correlation for the group of participants that make 
$150,000. This information can be used in a wide 
range of market research to help teams market their 
products to applicable groups. The data within this 
figure could be interpreted in a multitude of ways. 
These results are indicative that participants that 
make over $150,000 do in fact look at items for a 
longer duration and do purchase them. This may be 
due their higher income, which would in turn cause 
price to have less of an influence on their purchasing 
decisions. Higher incomes may also relate to indi-
viduals with higher education and higher levels of 
intelligence which may lend to the ability to closer 
attention to detail when shopping. The age overlaid 
results indicate a strong correlation for the group of 
participants that are within 30-39 years (Figure 7).
The trend of these results prove that participants 
that are between 30-39 years of age have a stronger 
correlation between attention and sales. Due to this 
fact, it would be appropriate to focus marketing 
campaigns, packaging design, promotions to this 
group as data reveal that more attention is spent on 
these products and ultimately a purchase is made. 
On the other hand, it may be useful to market to the 
other age groups (22-29, 44-49, 50-59) as they are 
not showing as strong of a correlation between their 
TFD measurements and retail sales. The relation-
ship status overlaid results indicate a strong corre-
lation for the group of participants that are single, 
never married and separated (Figure 8).
The trend of these results show that participants 
that are single, never married and separated have 
a stronger correlation between attention and sales. 
Due to this fact, it would be appropriate to focus 
marketing campaigns, packaging design, promo-
tions to this group as it is showing that they spend 
the most attention on these products and ultimately 
purchase them. On the other hand, it may be useful 
to market to the other age groups within this demo-
graphic as they are not showing as strong of a cor-
relation (even a negative correlation) between their 
TFD measurements and retail sales. The gender 
overlaid results indicate a strong correlation for 
both groups of participants (Figure 9).
The results displayed in Figure 9 illustrate that 
both males and females have a positive correlation, 
indicating that there is little difference between 
males and females for this category and attention 
and sales. Ultimately, segmenting demographics 
through graph builder within this software allows 
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Fig 5: Average sales vs. TFD regression model
Fig 6. Graph builder for average sales vs. TFD with an income overlay
 Journal of Applied Packaging Research           22 
Fig 7. Graph builder for average sales vs. TFD with an age overlay
Fig 8. Graph builder for average sales vs. TFD with relationship status overlay
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researchers to select any influential group affecting 
the trend. For example, in Figure 8, it may be worth 
excluding the ‘domestic partnership’ and ‘single and 
cohabiting with a significant other’ categories to see 
how the model changes without these influential, 
negatively correlating groups. The demographic seg-
mentation work seen herein can be very useful for 
companies to understand their ideal consumer. Since 
every business has an ideal consumer profile, this 
work helps understand what target groups stand out 
and which ones do not, while also providing clarity 
to marketing campaigns, and in turn, lowering costs. 
Marketing can be very expensive, with mediums 
being one key factor that affect the marketing budget 
[15]. For example, if company X knows their target 
demographics, they can build appropriate market-
ing campaigns. By using segmentation in regression 
analysis, new opportunities for growth can be identi-
fied. Demographics not only help define and find the 
ideal consumer, but they can also help identify gaps 
in marketing strategies, thus saving the company 
time and money [15]. Overall, demographic segmen-
tation should be used to understand the consumers 
more completely and increase sales. 
CONCLUSIONS
Regression models were examined to determine 
if including TFD values in a regression model can 
predict average retail sales. Utilizing TFD results 
from an eye tracking study completed on a specific 
category and retail sales data obtained for that same 
category, a regression model was built to determine 
a correlation between the two variables. Demograph-
ics were also segmented out to determine what role 
specific groups played in the regression model trends. 
Previous research studies have been able to 
provide a correlation between fixation data and 
choice, but on screen eye tracking and “purchase” 
data collected from the participants in an unrealis-
tic setting was used. This research project utilized 
mobile eye tracking in an immersive shopping 
environment and retail sales data that reflected 
actual purchase behavior in the retail environ-
ment. Results from this work illustrated a corre-
lation between average sales and attention (TFD). 
The low p-value (p<0.05) and high squared value 
indicated that including the TFD values in the pre-
diction model significantly improves the ability to 
predict average sales. Thus, a regression model can 
be used to predict average sales that a company may 
expect for a product depending on their attention 
for those said products. Previous studies in this area 
also did not include a demographic segmentation, 
which helps pinpoint both groups to market well as 
ones to exclude in the regression model. 
Though results indicated a positive correla-
tion and significance, due to confounding vari-
ables and the natural limitations of the regression 
approach applied in this research, any interpreta-
tions of attention having a causal impact on retail 
sales cannot convincingly be made. Along with this 
point, whenever a model is fit to a group of data, 
the range of the data should be carefully observed. 
Extrapolation may occur when using regression to 
predict values outside of the range of participants 
tested. However, this work is extremely noteworthy 
in the field of eye tracking CPGs, because it creates 
a platform for researchers to incorporate into their 
data analysis and add to a greater body of work. 
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